The development of quantitative models of outbreaks is key to their eventual control 1, 2 , from human and computer viruses through to social (and antisocial) activities 3-8 . Standard epidemiological models can reproduce many general features of outbreaks 9 . Unfortunately, the large temporal fluctuations which often dominate real-world data are thought to require more complicated, system-specific models involving super-spreaders, specific social network topologies and rewirings, and birth-death processes 9-11 . However we show here that these large fluctuations have a generic explanation in terms of underlying community dynamics.
1
There is great interest in developing models which can explain the time-dependence of infection levels in the outbreak of a biological virus and other social phenomena [1] [2] [3] [4] [5] [6] [7] [8] [9] 12 . In the cases where there is some identifiable initial 'infection' (e.g. the first reported SARS case, the unveiling of a new webpage, the introduction of new explosive technology by Iraq insurgents, or the initiation of some particular activity or rumour 5, 6, 8 ) , it is reasonable to think in terms of susceptible individuals (S) subsequently becoming exposed to the virus, activity or information, undergoing a noticeable change in their symptoms or behaviour (i.e. infected, I) and then infecting others to whom they happen to be linked at that time. The infecteds then recover, or get removed, to a state where they can no longer infect others (R). As shown in Fig. 1 and the Supplementary Information, many real-world systems exhibit a surprisingly complex epidemiological response, accompanied by large fluctuations. The detailed origins of these large fluctuations are not in general known, yet their presence can have dramatic practical consequences -in particular if some unacceptably high threshold level suddenly gets exceeded or some disappearing phenomenon suddenly shows a resurgence. Our work suggests that such fluctuations emerge quite naturally as a result of the community dynamics within a population. The key feature of our analysis, in contrast to most existing works, is to allow for the fact that the links between individuals may change on a much faster, slower, or comparable timescale, to the underlying transmission process. Despite its simplicity, our dynamical community model produces infection profiles which span the entire spectrum of observed behaviours -from the large fluctuations in Fig. 1 through to the more standard unimodal SIR form 9 -simply by adjusting the timescales for the community dynamics. (See Supplementary
Information for a full catalogue of behaviours).
Figure 2(a) illustrates our model, though we note that our main conclusions also hold for a wide variety of model variants 13, 14 . In order to mimic the fact that modern-day human interactions feature long-distance travel and communication 1, 2 , in addition to rapidly evolving social networks in cyberspace, we choose the interactions in our model to be independent of any spatial lengthscale.
In addition, our model allows the membership and size of a community, and the number of communities itself, to change over time on a timescale which is fast, slow or comparable to the intrinsic timescales τ p and τ q of viral transmission. At any one time, the links within an existing community are assumed to be strong, while those between communities are assumed to be so weak as to be negligible. The appropriate interpretation of a link, and hence community, will therefore depend on the application. For a biological virus, a meaningful community at time t would be the subset of people who happen to be together on a particular plane, or in a particular office, at that time. For a computer virus or rumour, it could be the subset who are logged on to a particular chatroom or website at that time. The population in our model, is the subset of the world's population who have a finite probability of coming in contact with each other in the near future. Given the application area in mind, the population size N may be quite large. At a given timestep t, a community is chosen randomly for possible membership change with a probability proportional to its size, in order to reflect the property that a priori anyone is equally likely to initiate such an event. All the possible real-world reasons for change in membership, are subsumed into two simple parameters:
a community fragmentation probability ν frag and hence timescale τ frag ∼ ν −1 frag ; and a community coalescence probability ν coal , and hence a timescale τ frag ∼ ν where q is the standard SIR recovery probability 9 ). More elaborate models are of course possible, but they would still feature an analogous set of timescales. Most importantly, the outputs in Figs. 1(c), (f), (i) and the Supplementary Information, confirm that we can obtain real-world behaviour without having to consider further complications such as hard-wired social network topologies, geographical heterogeneities, migration, fluctuating population size, super-spreaders, seasonalities, and birth-death processes. Indeed to our knowledge, alternative models with such features alone do not show such a wide range of realistic behaviour.
Figure 3 illustrates the sequence of events which drive the large fluctuations in a typical run from our model (blue curve in Fig. 3(a) ). At a given timestep, the infection can only propagate along the transmission pathways which happen to be open at that timestep, and these will depend in turn on the instantaneous nature of the communities. It is tempting to imagine that the infection 4 profile (blue curve) can be reproduced by setting a stochastic SIR process on a suitably chosen complex network -for example, a weighted network obtained by aggregating the instantaneous community links (Fig. 2(b) ) over some time-window T , as shown in Fig. 2(c) . Such a network approach does not work, however, since it neglects the rapidly changing nature of the transmission pathways. The red curve corresponds to a stochastic SIR model on a T = 1 network (i.e. the t = 0 network in Fig. 2(b) ) while the green curve is for T = ∞ as shown in Fig. 2 Information) . This suggests that in terms of run-averaged results, the effect of complex temporal dynamics in social space might be mimicked using continuous-time models at the expense of having to invoke a more complex (and possibly fictitious) physiology.
Ferguson recently emphasised the need to incorporate human reaction into epidemic models 1 .
We now address this problem by allowing the population to spontaneously adjust its community dynamics (i.e. new ν coal and ν frag ) following a news announcement about the initial case. Prior to infection, we choose
to be small since this guarantees a power-law community size-distribution as often observed in human systems [13] [14] [15] . can now arise below the conventional threshold (i.e. R 0 = p/q < 1). We now outline a theory for this new transition, leaving fuller details to the Supplementary Information. In the fast community dynamics regime, the time-averaged and pair-averaged probability that any two objects are connected is given by P ∼ ν coal Nν frag . Since Fig. 5 only depends on long-time behaviours, we can adopt the continuous-time SIR theory with an effective infection probability given by p · P as opposed to p. The number of susceptibles in the long-time limit S(∞) with N 1, is given by the solution z to the following generalized form of the standard self-consistent equation 9 : threshold R 0 = p/q = 1 corresponds to an infected's probability of transmission being equal to his probability of recovery. The effect of the fast community dynamics is to amplify the probability of transmission p by ν coal , and the probability of recovery q by ν frag since fragmentation will postpone further infection of that community. Hence the renormalized threshold criterion becomes (pν coal )/(qν frag ) = 1. On average, a system which is below the conventional threshold (i.e. p < q)
will yield an epidemic if ν coal /ν frag 1, or equivalently τ coal /τ frag 1. In terms of future control schemes, the imminent epidemic is suppressed by increasing the timescale for community coalescence with respect to the timescale for community fragmentation, but gets amplified if the reverse is true. Fig. 2(b) ). This is equivalent to stochastic SIR in a well-mixed population of size N c . Likewise, the green curve is for T = ∞, which is equivalent to stochastic SIR in a well-mixed population of size N. Shaded grey region is unphysical since ν frag + ν coal > 1.
